We analyze and assess the impact of macroeconomic announcements on the discontinuities in many assets: stock index futures, bond futures, exchange rates, and gold. We use bi-power variation and the recently proposed non-parametric techniques of Lee and Mykland (2006) to extract jumps.
Introduction
How markets process information and what determines asset return distributions are central issues in economics. Our study focuses on two important aspects of financial time series to which the literature has recently devoted attention: jumps and simultaneous jumps in multiple markets (cojumps). How big and frequent are jumps across asset classes and over time? Do jumps cluster in time? Do jumps tend to occur simultaneously on several markets? That is, are there more "cojumps" than one would expect if asset prices jumped independently? What causes (co)jumps? Do scheduled macroeconomic announcement create (co)jumps or do these releases affect only the continuous part of volatility? Our study answers these questions.
We thus re-investigate the central question of how asset prices are related to fundamentals. Vega (2003, 2007) have studied this issue in great detail but we focus on discontinuous price changes, not on returns in general. Moreover, as Lee and Mykland (2006) and Tauchen and Zhou (2005) explain, characterizing the distribution and causes of jumps can improve and simplify asset pricing models.
1 So-beyond scientific curiosity-we have a practical interest in understanding how news affects discontinuities. Our paper illuminates the relations between scheduled macroeconomic news, jumps and cojumps.
We extract jumps and cojumps of many important asset series-exchange rates, stock index futures, U.S. bond futures and gold prices-and relate them to macroeconomic news. We use the non-parametric statistic of Lee and Mykland (2006) to estimate jumps on high-frequency data.
The Lee-Mykland estimation technique is simple and parsimonious: Compare returns to a local volatility measure to find returns that a diffusion is very unlikely to produce-discontinuities. To measure local volatility, Lee and Mykland (2006) use the jump-robust bi-power variation (RBV) estimator, defined as the sum of the product intra-daily adjacent returns over the considered horizon (Barndorff-Nielsen and Shephard, 2004, 2006a) .
The Lee-Mykland procedure identifies intraday jumps, which makes it especially useful in studying if and how announcements cause jumps. We also use this statistic to investigate multivariate issues and test whether macroeconomic announcements cause cojumps. Though a fully consistent cojump characterization should compare returns, or a combination of returns to local covariation measures, the literature has not yet extended the technique to a multivariate procedure.
and concurrent papers study the link between non-parametric jumps and news besides the present paper. Huang (2006) estimates daily jumps with bi-power variation on 10 years of S&P 500 and U.S. T-bonds 5-minute futures to measure the response of volatility and jumps to macro news.
Analyzing conditional distributions of jumps, and regressing continuous and jump components on measures of disagreement and uncertainty concerning future macroecnomic states, Huang (2006) finds a major role for payroll news and a relatively more responsive bond market. This is consistent with our findings. On the other hand, Dungey, McKenzie, and Smith (2007) focus on the treasury market, estimating jumps and cojumps using bi-power variation and examining "simultaneous" jumps across the term structure of interest rates. Dungey, McKenzie, and Smith (2007) find that the middle of the yield curve often cojumps with one of the ends, while the ends of the curve exhibit a greater tendency for idiosyncratic jumps. Macro news is strongly associated with cojumps in the term structure.
Our paper differs from the existing literature in several respects, however:
• We estimate jumps at a very high frequency with the Lee/Mykland technique. These estimates are better suited than daily (bipower variation) measures of jumps for studying the link between jumps and scheduled macro news.
• Our approach considers a broad set of financial assets including exchange rates, stocks, bonds, gold.
• We define simultaneous occurrences of high frequency jumps, which provides precise insights into cojumping dynamics.
• We estimate Tobit-probit models on the time-series of jumps and cojumps to assess the impact of surprises on these discontinuities.
The rest of the paper proceeds as follows: After explaining the theory of jump estimation in Section 2, we characterize (co)jump dynamics and intensity in Section 3. In Section 4, we address a central issue of asset return distribution: What is the link between macroeconomic news and (co)jumps? We initially compare jump size distributions on days with and without announcements
and then study what types of announcements cause jumps. We finally evaluate the surprise impact of news on jumps and cojumps with probit-Tobit models. Finally, Section 5 concludes.
Theoretical background
This section describes the two estimators used for volatility and jump measurement. We first describe the more familiar bi-power variation estimator before presenting the Lee and Mykland (2006) statistic, used throughout this paper.
The idea behind bi-power variation is the following: Realized volatility (RV) is the sum of squared returns over an interval. This sum consistently estimates the sum of integrated volatility (the diffusion variance) plus the sum of squared jumps within a period. Bipower variation (BV), however, is the sum of the products of absolute adjacent returns. This quantity consistently estimates only integrated volatility even in the presence of jumps. Therefore the difference between RV and BV consistently estimates the sum of squared jumps within a period.
More formally, let p(t) be a logarithmic asset price at time t. Consider the continuous-time jump diffusion process defined by the following equation:
dp(t) = µ(t)dt + σ(t)dW (t) + κ(t)dq(t),
where µ(t) is a continuous and locally bounded variation process, σ(t) is a strictly positive stochastic volatility process with a sample path that is right continuous and has well defined
limits, W (t) is a standard Brownian motion, and q(t) is a counting process with intensity λ(t) (P [dq(t) = 1] = λ(t)dt and κ(t) = p(t) − p(t−) is the size of the jump in question). The quadratic variation for the cumulative process r(t) ≡ p(t) − p(0), denoted [r, r] t , is the integrated volatility
of the continuous sample path component plus the sum of the q(t) squared jumps that occurred between time 0 and time t:
The empirical counterpart to daily quadratic variation is daily realized volatility, denoted RV t+1 (∆), which is the sum of the intraday squared returns:
where r t,∆ ≡ p(t) − p(t − ∆) is the discretely sampled ∆-period return.
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As Andersen, Bollerslev, and Diebold (2006) explain, realized volatility converges uniformly in probability to the daily increment of the quadratic variation process as the sampling frequency of 5 We use the same notation as in Andersen, Bollerslev, and Diebold (2006) and normalize the daily time interval to unity.
the returns increases (∆ → 0):
That is, realized volatility consistently estimates integrated volatility plus the sum of the squared jumps.
In order to disentangle the continuous and the jump component of realized volatility, we need to consistently estimate the integrated volatility, even in the presence of jumps in the process. This is done using the asymptotic results of Barndorff-Nielsen and Shephard (2004, 2006a) . The realized bipower variation, denoted BV t+1 (∆), is defined as the sum of the product of adjacent absolute intradaily returns standardized by a constant:
where µ 1 ≡ 2/π 0.79788 is the expected absolute value of a standard normal random variable.
It can be shown that bipower variation converges to integrated volatility, even in the presence of jumps:
Barndorff-Nielsen and Shephard use the difference between realized volatility and bipower variation to estimate the sum of jumps within a day. This difference does not, however, show how many jumps there are, their individual size or when they occur within the day. To avoid these deficiencies, we use the Lee and Mykland (2006) statistics to estimate jumps for each intraday period.
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To test whether a jump occurred in a small interval, the Lee and Mykland (2006) statistic quantifies the intuition that a "jump" is too big to come plausibly from a pure diffusion. Because a "big" price change depends on the volatility conditions prevailing at the time, the Lee and Mykland (2006) statistic compares the price change to a local robust-to-jumps volatility estimator 6 See also, for example, Andersen and Bollerslev (1998a) , Andersen, Bollerslev, Diebold, and Labys (2001) , Barndorff-Nielsen and Shephard (2002a) , Barndorff-Nielsen and Shephard (2002b) , Comte and Renault (1998) . 7 In the Lee-Mykland setting, q(t) is a counting process that may be non homogenous, independent of W (t), and κ(t) is independent from q(t) and W (t). Moreover, the drift and diffusion coefficients are not allowed to change dramatically over short period of time. Formally, that is expressed as sup j sup
, for any > 0. That means that, for any δ > 0, there exists a finite constant M δ such that the probability that the mentioned supreme is greater than M δ ∆ 1/2− is smaller than δ.
(bipower variation). During periods of "high" volatility, for example, price changes must be even larger than the average critical value to be considered "jumps."
The statistic L µ tests whether a jump occurred between any intradaily time periods t+(j −1)∆ and t + j∆, for an integer j. It is defined as the normalized return-the return, less its local mean, divided by the local standard deviation:
where m(t+j∆) is the mean local return and σ(t+j∆) is the realized bipower variation multiplied by µ 2 1 /K −2. They are computed over a K-length window immediately preceding the tested return and are defined as follows:
Under the null of no jumps at the testing time, the stated assumptions and a suitable choice of the window size for local volatility K (i.e. we must have
the statistic L µ asymptotically follows a zero mean normal distribution with variance 1/c 2 , where
There is a tradeoff in choosing the window size, K. While larger values impose a greater computational burden, K must be large enough to retain the advantage of bipower variation as a robust-to-jump estimator. A range of values satisfy the condition for Lee and Mykland (2006) recommend the smallest possible window size within the range given by α, as their simulations show that greater windows only increase the computational burden. So K is chosen as ∆ −0.5 . For example, suppose ∆ = 1 252×nobs , nobs being the number of observations per day, then the integers between 15.87 and 252 are within the required range.
More specifically, they recommend the following window sizes for sampling at frequencies of one week, one day, one hour, 30 minutes, 15 minutes and 5 minutes : 7, 16, 78, 110, 156, and 270, respectively. Finally, Lee and Mykland (2006) propose a rejection region using the distribution of their statistics' maximums. Under the stated assumptions and no jumps in (t + (j − 1)∆, t + j∆], then
where ψ has a cumulative distribution function
and S n = 1 c(2 log n) 0.5 , n being the number of observations. So if we choose a significance level α = 0.0001, we reject the null of no jump at testing time if
−β * ) = 0.9999, i.e. β * = −log(−log(0.9999)) = 9.21.
In the remainder of the text, J t+j∆ denotes significant jumps.
It is equal to the tested return r t+j∆ when the statistic L µ (t + j∆) detects a significant jump according to the described rejection region. It is equal to 0 otherwise. Moreover, we use the notation P (jump) for P (J t+j∆ = 0).
We can now move on in the next section to a description of the data used in our analysis before turning to the empirical results.
3 Data description
Asset price data
We use a long span of high frequency time series data on 15 assets from 4 asset classes: four exchange rates involving the dollar (USD/EUR, USD/GBP, JPY/USD, CHF/USD), three stock index futures (Nasdaq, Dow Jones, S&P 500, for which we use the acronyms ND, DJ, and SP, respectively), 30-year U.S. Treasury bonds futures (with the acronym US), as well as gold prices (with acronym XAU). From the four exchange rate series, we recover the implied non-dollar exchange rates (GBP/EUR, CHF/EUR, JPY/EUR, CHF/GBP, JPY/GBP and CHF/JPY), assuming no triangular arbitrage. All the original series were provided at a 5-minute frequency.
We re-sampled them at 15-minute intervals (30-minute for Tobit-probit estimations in Section 4). Table 1 summarizes information about the series.
Olsen and Associates provide the exchange rate and XAU series. The USD/EUR, USD/GBP and JPY/USD are sampled using last mid-quotes (average of log bid and log ask) of each 5-minute interval. The CHF/USD and XAU series are sampled through a linear interpolation of mid-quotes around 5-minute interval points. The exchange rates series cover about 18 years of data (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) , while 15 years are available for XAU (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) However, CBOT and CME have limited pit trading hours. We cannot assess whether there is a jump in the much longer overnight return, because it cannot be directly compared to a local volatility estimate. Thus, our calculations will omit this return. For the Nasdaq and S&P 500
traded at the CME, we retain the following hours for 15-minute sampled prices: 9.45 -16.15 EST for both future contracts, the market opening at 9.30 EST. On these CME markets, the first return of the day is thus a change over the 9.45-10.00 interval. Table   2 report the number of observations and sample days for each asset.
Jumps and cojumps
In this subsection, we characterize the (co)jumping behavior of financial assets with a sampling frequency of 15 minutes. Simulation results in Lee and Mykland (2006) (2002) and Andersen, Bollerslev, Diebold, and Vega (2003) . Because surprises are mean zero and most of our sample covers expansions, we might expect more significant negative jumps, at least for equities. 13 The sign of responses to negative news is less clear in other markets. The number of positive and negative detected jumps (first lines of fourth and fifth panels of Table 2 ) bears out that negative jumps are much more frequent than positive ones on S&P futures. We also observe asymmetry on dollar exchange rates: U.S. dollar jump depreciations are more common than jump appreciations. 14 For example, comparing panels 4 and 5 of Table 2 , there were 378 jump depreciations of the USD versus 304 jump appreciations of the USD. Other markets, i.e. DJ, ND, and US, display no apparent asymmetry between positive and negative jumps. The SP, however, displays many more negative jumps than positive jumps, as one might expect from an equity market.
When do jumps usually occur? Figure 2 shows the estimated number of jumps, by time of day, for each series. Exchange rates, XAU, and the S&P 500 futures have common seasonality, with lots of jumps between 1200 and 1800. That is, most of the jumps on the 24 hours markets 13 According to NBER business cycle expansions and contractions dates, only two periods covering about one year and half of our sample (from July 1990 to March 1991 and from March until November 2001) can be considered as contractions. These recession periods represent a small fraction of our longest samples that cover about 18 years of data. 14 The four dollar exchange rates are USD/EUR, USD/GBP, JPY/USD, and CHF/USD. So a positive jump means a dollar depreciation for the first two markets and a dollar appreciation for the last two.
(exchange rates and XAU) occur after the North-American segment opening at about 1300. Similarly, most of the jumps on the U.S. T-bonds futures market occur at the beginning of the U.S.
trading day (returns from 8.25 to 8.40 EST). This is consistent with the idea that macroeconomic announcements, which are mostly released at 8:30 EST, cause many jumps. Table 2 and Figure 3 provide further information concerning jump moments and frequencies. Compared with cross rates, dollar exchange rates exhibit more frequent jumps of comparable size.
The bond market stands in the middle in terms of jump size (with an average of about 0.8% in absolute value) with frequency comparable to those of cross exchange rates, i.e. bond prices jump less often than do exchange rates and XAU prices. Table 2 shows that jump sizes are highly variable; the standard deviations for positive and negative jumps often exceed 1% for stock index futures, lie roughly between 0.2% and 0.35% for bonds and exchange rates, and are about 0.5%
for XAU.
The next section characterizes how markets jump together, or cojump.
Markets interdependence: an analysis of cojumps
This section shows that jumps can occur simultaneously on different markets and characterizes those cojumps. We denote a cojump on a set of markets M at time t + j∆ as COJ M t+j∆ and define it as:
where I is the indicator function, J mi t+j∆ refers to jumps on market m i in the set M at time t + j∆. For clarity in the notations, the superscript referring to markets is omitted. Moreover, we denote the probability of a cojump P (COJ t+j∆ = 1) by P (coj). Table 3 provides a detailed view on how markets jump together. Table 3 denotes the number of observations as #obs, the number of cojumps as #coj, the probability of a cojump as P (coj), and the probability of cojumping under the null that jump processes are independent as P (coj) if indep. The first (top) horizontal panel of Table 3 The table allows us to compare the actual probability of cojumping (P (coj)) with the probability of cojumping under the null of independence P (coj) if indep to assess whether jumps are independent events. The latter probability is the product of the jump proportions in the respective markets. The actual proportions of cojumps are overwhelmingly greater than the probability under the null of independence, indicating that cojumps do not occur by chance. For example, the observed proportion of cojumps on the ND-DJ markets was 0.0086%, but the expected probability under the null that the jumps are independent is essentially zero. Formal tests of this hypothesis, using the properties of the binomial distribution reject the null of independent jumps for all cases in which there are cojumps.
The data show that cojumps occur frequently on certain markets. But the probability of a cojump is bounded by the minimum probability of a jump across all the markets considered. For example, there are only 12 jumps on the ND market; cojumps involving the ND are necessarily unfrequent. But cojumps might compose a very large proportion of all jumps on some markets.
Therefore we examine the probability of cojumps conditional on jumps in individual markets (P (coj|jump)). This gives a clearer picture of the dependence of a given market with other markets. In the third vertical panel of Table 3 , the five columns, numbered from 1 to 5, correspond to individual markets in the order in which they appear on the first column of Table 3 . Thus, a conditional probability on line x and column y gives the probability of a cojump on the markets considered in line x given that a jump occurred on the market that has the y th position in the markets of line x. For example, the first conditional probability on the first line of the Table   ( 33.33%) means that 1/3 of all jumps on the ND market are also cojumps with the DJ prices (the corresponding line is ND-DJ). Likewise, conditional on a jump in the DJ, the probability of a cojump on the ND-DJ pair is 15.83%. Column 1 refers to ND; column 2 refers to DJ.
The column labeled "1" under P (coj|jump) in Table 3 shows that when a jump occurs on the ND market, the probability that it jumps with another market in the group considered here (stock index and bond futures) is at least 16.67% (ND -US) and can be as high as 41.67% (ND -SP). That is, many of the infrequent Nasdaq jumps occurred at the same time as jumps on other markets, mainly other stock index futures. For the DJ market, the probability of a cojump, given a jump on SP, is somewhat smaller than the ND's. It reaches a maximum of 30.77 % for DJ -US cojumps. It is even smaller for the SP where the maximum P (coj|jump) is 7.69% for ND-DJ-US cojumps.
On markets with infrequent jumps, these rare jumps are highly dependent. In particular, stock index futures and bonds are highly dependent. This is particularly true for the ND market;
when the ND jumps, the SP is also very likely to jump. The probability of a cojump on ND-SP, conditional on a jump in ND, is 41.67%. Naturally, the number of cojumps declines as the number of markets considered increases.
Nevertheless, the probability of cojump remains substantial even for the four dollar exchange rates, with P (coj) = 0.0199 %; one expects a cojump in all four USD rates every 52 days. Figure   4 displays the full time series of cojumps for the different dollar exchange rate combinations.
This figure illustrates the frequent cojumps on these markets. Moreover, P (coj|jump) estimates are also very high. The conditional probabilities show that when a jump occurs on any dollar exchange rates, the chance of a cojump on all four USD exchange rates exceeds 10% (see the last row of the second horizontal panel of Table 3 ). The maximum P (coj|jump) estimates are found for USD/EUR -CHF/USD cojumps. When a jump occurs on one of these markets, a cojump occurs on both with probability above 50%. We can conclude that cojumps are common on dollar exchange rates, and that jumps on these markets are strongly dependent.
The third horizontal panel shows strong linkages between USD/EUR and several assets: Treasury bonds (US), stock index futures (DJ) and EUR/JPY. The probability of cojumps on these market pairs can be very high (see Table 3 , third horizontal panel). For example, it reaches 0.045%
for USD/EUR -US cojumps. This implies an expected cojump every 23 days. Conditional cojump probabilities can also be very high. For example, more than one in five (21.08%) Treasury bond futures (US) jumps are also USD/EUR cojumps. And almost one in two (42.95%) EUR/JPY jumps are USD/EUR -EUR/JPY cojumps.
The fourth horizontal panel of Table 3 shows statistics on cojumps on the four USD markets plus another. Jumps across these five markets are much less likely; both P (coj) and P (coj|jump) The next subsection describes our macroeconomic announcement data, before we go on to analyze how (co)jumps relate to macro news.
Macroeconomic announcements
As is standard in the literature, we use the International Money Market Service data on surveyed and realized macroeconomic fundamentals. Table 4 provides summary information on these data.
As in Balduzzi, Elton, and Green (2001) or Andersen, Bollerslev, Diebold, and Vega (2003) , we standardize surprises to easily compare coefficients across surprises and series. The standardized surprise for announcement i at time t is defined by
, where R it is the realization of announcement i at time t, E it is its survey expectation andσ i its standard deviation. These macro news are scheduled at a monthly frequency. Balduzzi, Elton, and Green (2001) have shown that the expected value of macro news predicts the announcement in an approximately unbiased manner.
Macroeconomic announcements, jumps and cojumps: empirical analysis
In this section, we analyze the impact of U.S. macroeconomic announcements on (co)jumps.
We first describe the data before moving on to estimate limited dependent variable models for (co)jumps. We drop from the analysis markets that open after news arrival, i.e. SP and ND futures. Indeed, these markets open at 9.30 EST (see Table 1 ) while most announcements are scheduled at 8.30 EST.
Descriptive analysis
4.1.1 The distribution of jumps conditional on macroeconomic announcement Table 5 presents conditional jump moments for days without any news and days with at least one announcement. We provide statistics for all jumps in absolute value, as well as for positive and negative jumps (with significance level α = 0.0001). The provided descriptive statistics are the number of observations, jump probabilities, and the first two moments.
Every one of the assets displays a higher proportion of jumps on U.S. announcement days. This suggests that announcements indeed create jumps. Under the null that jump probabilities are equal in the announcement sample and in the non-announcement sample, the difference between the probabilities in the two samples follows a normal distribution with mean zero and variance equal to
, where P news (P nonews ) denotes the jump probability in the announcement (non-announcement) sample, and N news (N nonews ) the number of observations in the announcement (non-announcement) sample. This simple test of proportions equality rejects the null of equal means, for most markets. The mean absolute value of jumps on announcement days is significantly larger than jumps on non-announcement days for all the USD exchange rates, all the futures markets, the JPY/EUR, the CHF/JPY and (at the 10 percent level) the XAU. Both positive and negative jumps are often significantly more frequent in the announcement sample, although the tests sometimes fail to reject because of lower power with fewer observations (Table   5 ). To sum up, jumps are more frequent on announcement days.
Are jump means different on announcement days? A simple test of the null of no difference between jump means in the news and the no-news samples reveals different mean jump sizes in four cases: US, JPY/USD, CHF/USD and CHF/JPY (see means in Table 5 ). The signs of the differences are inconsistent, however. In two cases, absolute jumps are larger on announcement days and in two cases they are smaller (Table 5 ). There is no evidence that jumps are larger on announcement days.
We observed in Table 2 that jump USD depreciations were more frequent than jump USD appreciations. Let us analyze the jump-announcement relationship in greater detail. The upper panel of Table   6 shows how announcements match jumps, while the lower panel details results across announcements. We report in the upper panel the number of sample days (# days) and observations (# obs.), the number of jumps and announcement days (# jumps and # news days), the count of jumps matching announcements (# Jump-news match, where we count a match if a jump occurs within one hour after the announcement), the probability of a news (P (news)), the probability of a jump given a news (P (jump|news)), the probability of a news given a jump (P (news|jump)), and finally the probability of observing a day where news and jumps match exactly (P (jump, news)).
When a generic announcement occurs, there is a 10.85% chance of a USD/EUR jump (see Table   6 , upper panel, P (jump|news)). In general, the propensity of news to cause jumps is highest for bond futures, USD exchange rates and XAU series where between 6% and 11% of announcements generate a jump in prices. This ratio is much lower on non-dollar exchange rates (between 1.04% and 3.28%) and DJ futures (0.75 %). The higher probability of jumps, conditional on news, for the USD exchange rates, U.S. bonds and XAU seems sensible. Non-dollar exchange rates surely respond less to U.S. announcements than dollar exchange rates. And the stock index futures markets are not open during times of announcements. The high probability that news will induce jumps in the bond market is also unsurprising given that researchers have long found Treasury markets to be sensitive to macro news announcements (Ederington and Lee, 1993; Fleming and Remolona, 1997; 1999) .
How many jumps are caused by news? If a high proportion of jumps are caused by news, then P (news|jump) will be high compared to P (news). In fact, it appears that news causes many jumps, at least on some markets. The probability of an announcement, conditional on a jump, can reach 48.19%, for bond futures (see Table 6 , upper panel, P (news|jump)). This is relatively high compared to the unconditional news probability on the bond market, which is equal to 1.15% (Table 6 , upper panel, P (news)). The row labeled P (news|jump), in the upper panel of Table   6 , suggests that announcements create about 15 % to 20% of USD jumps, roughly 4% to 13% of non-dollar exchange rate jumps and 9.91% of XAU jumps. The unconditional probability of a news is about 0.3% for most markets.
What news announcements are the most likely to create surprises that lead to jumps? The second horizontal panel of Table 6 decomposes results per news. It shows that the employment report (nonfarm payroll employment and unemployment) and trade balance news are outstanding in terms of jump association. The employment report is particulary important for DJ, US and USD exchange rates. The trade balance report is important for exchange rates. For example, as much as one payroll news in four (27.67%) and one trade balance news in five (20.28%) cause jumps on the USD/EUR market (see P (jump|news)). The proportion of jumps associated with these news is also relatively high. For example, we see in Table 6 (lower panel, P (news|jump)) that 33.57% of U.S. bond jumps are associated with payroll news. Price level (PPI, CPI) surprises are important for bonds and USD exchange rates. The probability of a jump in the bond market (US) conditional on a CPI news release, is 10.64% and the probability of news release, conditional on a jump in bond futures is 8.82 %. The probability of a jump on the CHF/USD market, given a durable goods announcement, is 6.82%.
The relative response of foreign exchange and bond markets to PPI and CPI shocks is consistent with standard intuition about how (non)tradeables inflation should influence those markets. Jumps in foreign exchange markets appear to respond better to PPI announcements, while jumps in bond prices appear to respond more strongly to CPI news. This is sensible because exchange rates should be more sensitive to tradeable goods prices-which the PPI better reflects-while the bond market should respond to a broader price index, such as the CPI. The fact that cross-rates are more sensitive to PPI shocks (reflecting international tradeables prices) also supports this explanation.
The next subsection describes how cojumps match announcements.
Cojumps and macroeconomic announcements
The last column of Table 3 provides insights into cojump dynamics with respect to news arrival.
Our cojump indicator equals one when jumps occur simultaneously on different markets. So working at a 15-minute frequency, we very precisely estimate cojump timing. Many cojumps occur right after news arrival. For example, 67 of the 243 cojumps found on the USD/EUR -USD/GBP markets match exactly news arrival (Table 3 , # coj. matching news).
Moreover, the greater the number of market considered, the greater the proportion of cojumps associated with news. Indeed, about half of the cojumps detected on the four dollar exchange rates markets match perfectly news arrival. Besides cojumps on dollar exchange rates markets, the combinations of markets where the probability of a cojump is relatively high are USD/EUR -US, USD/EUR -XAU, and USD/EUR -EUR/JPY, where we detect 35, 34, and 134 cojumps, respectively (see Table 3 , # coj.). Again, many of these cojumps exactly match news arrival.
The proportion of cojumps matching exactly news is about 2/3, 1/3 and 1/5 of all cojumps on USD/EUR -US, USD/EUR -XAU, and USD/EUR -EUR/JPY, respectively. For example, USD/EUR -US had 35 cojumps (# coj.), of which 23 (# coj. matching news) exactly matched news releases.
This descriptive subsection has characterized how (co)jumps relate to a set of macroeconomic announcements. There are more jumps on days of macro announcements. Moreover, on some markets, we detect asymmetry between positive and negative jumps on announcement days, suggesting that news might have asymmetric effects. Matching news and jumps closely, we find that between 0.75% and 10.85% of announcements create jumps (P (jump|news)), while between
5.79% (CHF/EUR) and 48.19% (US) of jumps match perfectly announcements (P (news|jump)).
Employment reports, trade balance releases and price level news are most likely to create jumps.
Finally, macro announcements appear to produce many of the cojumps.
It is necessary, however, to model (co)jumps formally so that proper inference can be made about the link between (co)jumps and macro surprises. The next and final subsection models the effects of surprises on the absolute value of jumps and on the probability of cojumps.
Modeling jumps and cojumps in Tobit-probit framework
In this subsection, we use Tobit and probit models to formally study the link between (co)jumps and macro news. We focus on the series where (co)jumps are the most frequent, and where the link with macro news is likely to be strongest. For jumps, the regression analysis includes dollar exchange rates, XAU, U.S. T-bonds and Dow Jones futures. For cojumps, we focus on dollar exchange rates.
Modeling jumps to assess the impact of macro announcements
We estimate the impact of macroeconomic announcements on jumps with a Tobit model (Table   7 ) to estimate the determinants of absolute jumps, which have a limited distribution.
where ε t+j∆ |x t+j∆ is N (0, σ 2 0 ). The time index is denoted as before and refers to high frequency points in time: t + j∆, where ∆ is the sampling interval, t refers to days, while j is an integer.
|J t+j∆ | represents significant jumps in absolute value, as defined by the Lee and Mykland (2006) technique (see Section 2), while |J * t+j∆ | is its latent counterpart. α t+j∆ and µ t+j∆ are defined as linear combinations of day-of-the-week dummies and U.S. announcements, respectively: We have tested a specification for µ t+j∆ that permits surprises to influence jumps asymmetrically. That is, where positive and negative surprises enter the equation with separate coefficients.
To evaluate whether surprises did influence jumps asymmetrically, we performed simple Wald tests for the equality of the parameters of positive and negative surprises and were usually unable to reject symmetry. For this reason, we only report results for µ t+j∆ containing surprises in absolute value, which enforces a symmetric response to positive and negative shocks. Because a coefficient is unidentified unless there is a non-zero value for the regressor that is coincident with a jump, only regressors that have at least one contemporaneous match with the dependent variable are included in the estimations.
All models are estimated at an intra-day level. This raises some issues due to the nature of the data in question. First of all, the huge number of observations and the high level of censoring of the jump series imposes substantial computational demands in maximum likelihood estimation.
To conserve memory to permit maximization of the likelihood function, we reduce the sampling frequency (∆) to 30 minutes. The second issue is that, as shown in Figure 2 , intraday jumps may have a seasonal component, separate from effects caused by announcements. To control for potential impact of volatility seasonal components on jumps, we include regressors based on a flexible fourier form that captures seasonality. That is, we include
where trend is a trend component across intra-day periods, κ i(t+j∆) = 2π∆ × i × trend t+j∆ , and
15 In a previous version of the paper, we have tested the effect of some European announcements on RV and its continuous and jump components, using BNS statistics. Some news were found to affect the continuous component of realized volatility but not jumps. Moreover, we have also tested a specification accounting for business cycles, allowing for different impact of news on recession times compared to expansions. Probably given the small recession period of the sample, we could not find any model improvement by including interaction terms between macro news and a dummy indicating recession.
16 Export-import and unemployment news are not included in the regressors set because they are highly correlated with trade balance and non-farm payroll news, respectively.
p is fixed at a conservative level of 4 or 5 terms (depending on the series), such that the fitted seasonal component follows closely the intra-day seasonality pattern. Except for the DJ series, this seasonal component significantly improves the likelihood of the models. Exchange Rates Table 7 shows that some announcements affect jumps in all dollar exchange rate series. Indeed, absolute PPI (but not CPI) surprises have a significant positive effects on foreign exchange jumps. Payroll and trade balance announcements both produce consistent and important effects. The estimated coefficients for these surprises are highly significant everywhere. Durable good orders are significant on two exchange rate markets markets (USD/EUR and CHF/USD).
XAU The determinants of XAU jumps are similar to those of exchange rates. Unlike for some exchange rate markets, durables surprises are insignificant in the model for XAU, while housing news have a significant-but perverse-effect. That is, large shocks to housing starts actually reduce the predicted jumps in the gold market. But similarly to exchange rate markets, PPI (and not CPI), payroll and trade balance news are significant predictors in the tobit model for XAU jumps.
U.S. T-bonds futures
The U.S. bonds market is usually thought as being very sensitive to public news due to the nature of bond pricing. Announcements do cause jumps, to a statistically significant degree. CPI and payroll surprises are significant. The coeffcient on PPI is much smaller than that on CPI shocks and only marginally significant. Trade balance news are also significant, but are wrongly signed, however. That is, a surprise announcement of a larger trade deficit in absolute value significantly reduces jumps in the bond market.
Dow Jones futures
The only announcement that is identified in the Dow-Jones futures data is the payroll announcement. These payroll surprise shocks significantly explain size and occurrence jumps in 30-minute data.
We note that the index of leading indicators is the only variable that never produces statistically significant effects. This is not surprising as market participants can predict this index very well from public information, prior to its release.
Finally, we report the McKelvey-Zavoina R 2 , that provides an estimate of the fitted latent variable variance over the total variance. We obtain values between 6% and 17%, while the U.S.
bond futures model estimation yields a surprising 99%. This is consistent with the fact that most of the jumps occur at the same time on this market. Jumps are indeed concentrated at 8.30
EST (see Figure 2) . The strong ability of macro announcements to predict jumps in bond prices is consistent with Fleming and Remolona (1997, 1999) . Thus, it appears that macro surprises together with regressors capturing seasonality allow to explain a great deal of variation in the latent variable. α t+j∆ controls weekly seasonality; µ t+j∆ includes macro surprises in absolute value; ξ t+j∆ controls for intradaily seasonality.
Modeling cojumps
The seasonal component significantly improves the models' likelihood, as it does for the Tobit models. Moreover, we also tested for the presence of asymmetric response of markets in terms of cojumps, specifying µ t+j∆ such that surprises influence jumps asymmetrically (as explained for the Tobit models). We could not find evidence of asymmetry, as in Tobit models. Consequently, only results for surprises in absolute value are presented in Table 7 .
Payroll and trade balance news produce the most significant effects. Across all combinations of two dollar exchange rates, these news announcements always have significant impacts on cojumps.
While PPI news are significant at the two-sided 5% level in all exchange rates' Tobit models, they seem to have slightly less significant effects in probit models for pairs of exchange rate cojumps (significance is found at the two-sided 10% level, on most market combinations). On the other hand, they are much more important and consistent determinants of exchange rate cojumps than shocks to CPI.
We obtain McFadden R 2 s of 14% to 27 % for the exchange rate cojumping variables. U.S.
announcements explain a substantial portion of exchange rate cojumps.
Conclusion
This paper has extended the previous literature studying jumps and the reactions of financial markets to macroeconomic announcements in several ways. We apply the Lee and Mykland (2006) statistic to characterize the timing and size of intraday jumps in a variety of markets, USD and cross exchange rates, U.S. Treasury bond futures, U.S. equity futures and gold futures. Because we can (almost) exactly determine jump times, we can more precisely associate them with macro announcements. Precise timing also permits us to characterize the propensity of "cojumps"-simultaneous jumps on multiple markets-and their association with macro announcements.
We first informally describe the data, finding that jumps are more frequent on announcement days but that there is no evidence that jumps are consistently larger on announcement days.
Some markets (e.g. the bond market) display evidence of asymmetry in jump frequency. There are more negative bond jumps than positive bond jumps. A precisely comparison of the timing of announcements and jumps indicates that announcements create about 15% to 20% of USD jumps, roughly 4% to 13% of non-dollar exchange rate jumps and 9.91% of XAU jumps.
When we compare the probabilities of jumps, conditional on macro surprises, we find that jumps and cojumps in foreign exchange markets appear to respond better to PPI announcements, while jumps in bond prices appear to respond more strongly to CPI news. This is consistent with foreign exchange markets responding more strongly to tradeables inflation (better proxied by PPI) and bond markets should react more strongly to overall inflation (better proxied by the CPI). Consistent with this, cross-exchange rates react to PPI, which better reflects international commodity prices, but not CPI.
We follow our data description by estimating Tobit models of jumps and probit models of cojumps. Because the data generally rejected formal tests of asymmetry in either Tobit or probit models of jump reaction to news (that is, negative suprises are usually no more or less likely to produce cojumps than are positive surprises), we report the impact of absolute value surprises on (co)jumps. Of all the surprises that we investigate, payroll and trade balance news consistently significantly create jumps and cojumps. Price level shocks and surprises to durable goods orders also often produce jumps. Note: The table displays, from top to bottom the number of sample points (#obs.) and sample days (#days), the total number of jump days (#jumpdays, i.e. days with at least one jump), the probability (in %) of a jump day (P (jumpday) = 100(#jumpdays/#days)), and the number of jumps per jump day (E(#jump|jumpday) = #jump/#jumpdays). We further give the total number jumps (#jumps), their proportion (in %) over sample observations (P (jump) = 100(#jumps/#obs.)), as well as their absolute mean size and standard deviation (E(|jumpsize||jump) and V ar(|jumpsize||jump)). Finally, the last two panels split the jumps in two sets: positive and negative jumps. Proportions (P (jump > 0) and P (jump < 0)), mean (E(jumpsize|jump > 0) and E(jumpsize|jump < 0) ) and std. dev. (
V ar(jumpsize|jump > 0) and V ar(jumpsize|jump < 0)) are reported, as for the full set of jumps in absolute value. The chosen significance level for jumps estimation is α = 0.0001. The sampling frequency is 15 minute. # coj. P (coj) (%) Note: Cojumps are defined as an indicator variable equal to one when significant jumps (at α = 0.0001 and a 15-minute frequency) occur exactly at the same time on different markets. The table displays, the number of observations, the number of cojumps, the cojump probability (P (coj), in %), the cojump probability under independence of the jump processes (product of jump proportions, in %). Columns 6 to 10 (P (coj|jump) in %, numbered 1 to 5) report the probability of a cojump on the markets given on a line given a jump on a market given by the number of the column (1 to 5). This number refers to the order of the markets in which they appear on the first column. The last column reports the number of cojumps matching exactly news arrival. Note: Jump proportions (P (jump), in %) and moments (mean and standard deviation of jumps in absolute value, positive and negative) for days without announcement and days with at least one announcement.
The number of jumps (computed at a 15-minute frequency with a significance level α = 0.0001) is also reported (#jumps). Stars on the announcement sample means and proportions indicate whether they are statistically different from those in the no-announcement sample. One, two and three stars correspond to significance at 1%, 5%, and 10% level, respectively. to bottom, the number of sample days (# days), the number of observations (# obs.), the number of jumps and the number of announcement days (# jumps and # news days), the number of jumps occurring within one hour after news arrival (# Jump-news match), the unconditional probability (in %) of a news (P (news) = 100(# news days / # obs.)), the probability (in %) of a jump given a news (P (jump|news) = 100(# Jump-news match / #news days)), the probability (in %) of a news given a jump (P (news|jump) = 100(# Jump-news match / # jumps)), the probability (in %) of a news and a jump (P (jump, news) = 100(# Jump-news match / #days)). The lower panel details results for each news and displays P (jump|news) and P (news|jump). Note that labor market news (NFPAYROL and UNEMPLOY) and trade related news (TRADEBAL, USI, USX) are presented respectively on a single line because they are part of a single report. 
